Abstract-Many kinds of power-assist robots have been developed in order to assist self-rehabilitation and/or daily life motions of physically weak persons. Several kinds of control methods have been proposed to control the power-assist robots according to user's motion intention. In this paper, an electromyogram (EMG)-based impedance control method for an upper-limb power-assist exoskeleton robot is proposed to control the robot in accordance with the user's motion intention. The proposed method is simple, easy to design, humanlike, and adaptable to any user. A neurofuzzy matrix modifier is applied to make the controller adaptable to any users. Not only the characteristics of EMG signals but also the characteristics of human body are taken into account in the proposed method. The effectiveness of the proposed method was evaluated by the experiments.
I. INTRODUCTION

I
N several countries, the increase in the aged population and the decrease in the working proportion are serious problems. In order to assist self-rehabilitation and/or daily life motions of physically weak persons such as elderly, disabled, or injured persons, many kinds of power-assist robots have been developed [1] - [21] . It is important for the power-assist exoskeleton robot to be controlled in accordance with the user's motion intention. Since upper-limb motion is involved in various daily activities, it is particularly important for the upper-limb powerassist exoskeleton robot. In order to activate the robot according to the user's motion intention in real time, the motion of the user or the force between the user and the robot is sometimes observed to understand the motion intention of the user [16] , [18] , [22] , [23] . The inverse model of the exoskeleton robot can be used to derive the joint torques [24] . In these control methods, the user has to be able to initiate the movement before his/her motion is assisted [10] . For rehabilitation, predefined or designated motion or force is basically generated with impedance controller for the user [15] , [25] .
Skin surface electromyogram (EMG), which is one of the biological signals, is often used in order to control the power-assist robot according to the user's intention since it directly reflects the user's muscle activity level in real time [2] - [11] . The robot can perform the effective power assist if the motion intention of the user is precisely estimated based on the EMG signals in real time. However, realizing the precise motion estimation for the power-assist based on EMG signals is not very easy because of the following: 1) Obtaining the same EMG signals for the same motion is difficult even with the same person since the EMG signal is a biologically generated signal.
2) The activity level of each muscle and the way of using each muscle for a certain motion are a little different between persons. 3) Real-time motion prediction is not very easy since many muscles are involved in a joint motion. 4) One muscle is not only concerned with one motion but also with other kinds of motion. 5) The role of each muscle for a certain motion varies in accordance with joint angles (i.e., in accordance with the upperlimb posture). 6) The activity level of some muscles such as biarticular muscles are affected by the motion of the other joint. 7) The effect of the antagonist muscle must be taken into account. In order to cope with these problems, neurofuzzy EMGbased control (i.e., the combination of adaptive neurocontrol and flexible fuzzy control) has been proposed for upper-limb exoskeleton robots [7] - [9] . Although the neurofuzzy control method is effective, fuzzy control rules become complicated if the number of the degrees of freedom (DOF) of the exoskeleton robot is increased.
In this paper, an effective EMG-based impedance control method for an upper-limb power-assist exoskeleton robot is proposed. The proposed method is simple, easy to design, humanlike, and adaptable to any user in a short time. The user's joint torque required for the intended motion is estimated based on EMG signals in the proposed method. The proposed method is applicable to any user who generates EMG signals for the intended motion. A neurofuzzy matrix modifier is applied to make the controller adaptable to every upper-limb posture of any users. Not only the characteristics of EMG signals but also the characteristics of human body are taken into account in the proposed method. In order to generate natural and comfortable motion for the user, the user's hand force vector is calculated based on the estimated joint torque. Then, the user's hand acceleration is obtained based on the calculated hand force vector to estimate the user's hand trajectory. Finally, the impedance control is applied to the user's hand trajectory to realize humanlike motion [26] , [27] . Since impedance parameters of the human upper limb are changed based on the upper-limb posture [28] - [32] and the relationship between agonist and antagonist muscles [32] , impedance parameters of the exoskeleton robot are also changed based on them in the proposed method. The proposed control method has been applied to a 7DOF upper-limb power-assist exoskeleton robot to assist all upperlimb joint motions of a human user according to the user's motion intention in real time. The effectiveness of the proposed method was evaluated by experiments.
II. 7DOF UPPER-LIMB EXOSKELETON ROBOT
The 7DOF exoskeleton power-assist robot for the upper limb used in this paper is shown in Fig. 1 . The robot consists of seven dc motors with encoders or potentiometers to measure each joint angle. In addition, force/torque sensors (PD3-32, Nitta Corporation) are set in the forearm and wrist parts to measure the force between the user and the robot. This robot is able to assist the most of each human upper-limb joint motion, as shown in Table I. Motors 1, 2, 3, and 4 are the motors for shoulder vertical, shoulder horizontal, shoulder rotation, and elbow motions, respectively. The generated torque by these motors is transferred to the robot joints by pulleys and cable drives. Considering the fact that many physically weak persons use wheelchairs, the robot was designed to be installed on a wheelchair. For the safety and the convenience of users, these motors have been fixed to the back frame of the wheelchair.
The other four motors are connected to the robot directly by spur gear. There are three hook-and-loop-fastener parts for the user to wear the robot. One is the upper-arm cover on biceps, another is the forearm cover, and the other is the cover on the palm holder.
For shoulder vertical and horizontal motions, a moving center rotation (CR) mechanism has been applied. The main advantage of the CR mechanism is the ability to adjust the distance between the upper-arm holder and the CR of the shoulder joint of the robot in accordance with the shoulder motion automatically with a link-work mechanism, in order to cancel out the ill effects caused by the position difference between the CR of the robot shoulder and that of the human shoulder since the CR of the human shoulder itself is moved with respect to the human body according to the upper-limb posture [7] , [9] .
The highest priority must be given to safety of the user. Safety components are considered both in the software and the hardware to prevent sudden unexpected motion. In the software, maximum torque and maximum velocity are limited. In the hardware, there are physical stoppers for each joint to limit the joint motion within the movable range of human upper limb. The movable range of the robot and that of the human upper limb (average) is shown in Table I . Table II . The forearm force (i.e., generated force between the robot and the forearm of the user), the hand force (i.e., generated force between the robot and the hand of the user), and the forearm torque (i.e., generated torque between the wrist holder of the robot and the forearm of the user) are used as subordinate input signals for the controller. The structure of the controller is shown in Fig. 3 . In this control method, the user's upperlimb joint torque vector is estimated based on EMG signals and/or force/torque sensor signals at first. Then, the user's hand force vector is calculated using the estimated joint torque vector. Finally, the impedance control is applied to realize the user's hand force vector. In the case of the force/torque sensorbased control (i.e., when the user does not activate the muscles actively), the robot only follows a user's upper limb (without the power assist) so that the robot does not encumber the user's motion.
Since raw EMG signals are not suitable as input signals to the controller, the feature of the raw signal must be somehow extracted. In order to extract the feature of the raw EMG signal, the root mean square (RMS) of the EMG signal is calculated and used as an input for the controller in this paper. The RMS calculation is written as
where N is the number of the segments (N = 400) and v i is the voltage at ith sampling. The sampling frequency in this paper is 2 kHz. The joint torque of the user is estimated based on EMG signals and/or force/torque sensor signals. The signals used for the joint torque estimation are automatically switched according to the user's EMG signal levels [5] . When the user's EMG signal level is high, EMG signals are applied to estimate the user's motion to be assisted by the robot. On the other hand, force/torque sensor signals are applied to estimate the user's motion when the user's muscle activation levels are low since the noise ratio in the EMG signals is increased. When the user's EMG signal levels are intermediate, both the EMG signals and the force/torque sensor signals are simultaneously applied. The EMG levels of corresponding muscles for each joint motion are used to switch the signals for each joint motion, as shown in Fig. 3 . The membership functions used to switch the signals are shown in Fig. 4 . Thus, as a monitored muscle increases the activity level, the signals used for the joint torque estimation are gradually switched from the force/torque sensorbased estimation to the EMG-based estimation.
The relationship between the 16 EMG RMSs and the joint torque vector used for the EMG-based estimation is modeled as 
where τ est is the joint torque vector and τ 1 −τ 7 are the joint torques for each joint motion, as shown in Table I . w ij is the weight value for the jth EMG signal to estimate the joint torque τ i , and ch j represents the RMS value of the EMG signal measured in channel j. The weight matrix (i.e., the muscle-model matrix) in (2) can be roughly defined using the knowledge of human upper-limb anatomy or the results of preliminal experiments. In this paper, the initial weight matrix was set considering the relationship between the muscle and the direction of the rotation of the joint. Therefore, the joint torque vector generated by the muscle force can be calculated if every weight for the EMG signals is properly defined. It is not easy, however, to define the proper weight matrix for the user from the beginning because of personal difference. Furthermore, the posture of the upper limb affects the relationship between the EMG signals and the generated joint torques because of anatomical reasons such as the change of the moment arm. Consequently, the effect of the posture difference of the upper limb must be taken into account to estimate the precise upperlimb motion for the power assist. Therefore, a neurofuzzy muscle-model matrix modifier is applied to take into account the effect of the upper-limb posture difference of the user. The neurofuzzy modifier outputs the coefficient for each weight of the muscle-model matrix shown in (2) to modify the weight matrix in real time based on the upper-limb posture of the user. The coefficient is used to adjust the weight matrix in an online manner by multiplying the weight by the coefficient in accordance with the upper-limb posture of the user, so that the effect of upper-limb posture difference can be effectively compensated. It also makes the same effect of adjusting the weight matrix itself to be suitable for each user. The structure of the neurofuzzy modifier is the same as a neural network, and the process of the signal flow in the neurofuzzy modifier is the same as that in fuzzy reasoning. The neurofuzzy modifier consists of five layers (input, fuzzyfier, rule, defuzzifier, and output layers), as shown in Fig. 5 .
Input variables to the neurofuzzy modifier are joint angles of the user's upper limb. Three fuzzy linguistic variables are prepared for each joint angle in the fuzzifier layer. The sigmoidal functions f s and the Gaussian functions f g are used as membership functions in the fuzzifier layer, as shown in Fig. 6 . Output variables from the neurofuzzy modifier are coefficients for components of the weight matrix. In the rule layer, the coefficient for each weight is reasoned in any combination of upper-limb joint angles. The neurofuzzy modifier is trained to adjust its output for each user during the training period before operation. Initially, the output of the neurofuzzy modifier is set to be 1.0 for every weight of the muscle-model matrix. During the training, the robot is supposed to generate the same motion as the estimated user's motion in real time. The error-backpropagation learning algorithm is applied to minimize the squared error functions in order to eliminate the error of the muscle-model matrix. If the muscle-model matrix with the neurofuzzy modifier correctly works, the generated robot motion and the user's motion are supposed to be the same. The amount of the error can be provided by the force/torque sensors, since the force/torque sensors measure force/torque caused by the motion difference between the user and the robot. Therefore, the squared error function used in this paper is written as
where E is the error function to be minimized and f err is the measured force/torque between the user and the robot. The output from the force/torque sensors becomes zero if the generated robot motion and the user's motion are the same. After the neurofuzzy modifier is properly trained, the joint torque vector of the user can be estimated using the musclemodel matrix with the neurofuzzy modifier. If the user cannot move his/her upper limb properly, although he/she can generate EMG signals, a motion indicator, which is manipulated by the movable part of the user, can be used to prepare the amount of motion error for the learning [33] .
In order to estimate the user's motion intention, hand force vector calculation is carried out based on the estimated joint torque vector. The estimated joint torque vector is transferred to the hand force vector of the user using the Jacobian matrix as follows:
where F hand is the hand force vector (6-D vector) of the user, J is the Jacobian matrix, and F h,avg is the average of F hand in N f number of samples. Then, the desired hand acceleration vector is calculated from (5), i.e.,
whereẌ d is the desired hand acceleration vector (6-D vector) and M is the mass matrix of the robot and the user's upper limb.
To realize the user's intended motion, the following impedance control is applied to obtain the resultant hand force vector F :
whereẊ d and X d are the desired hand velocity vector and position vector, which are calculated from (6), respectively. B and K are the viscous coefficient matrix and the spring coefficient matrix, respectively. Since impedance parameters of the human upper limb are changed based on the upper-limb posture and the relationship between agonist and antagonist muscles, impedance parameters of the exoskeleton robot are also changed based on them in the proposed method in order to realize natural and comfortable power assist. Therefore, the impedance parameter matrix B and K in (7) are changed depending on the upper-limb posture and the activity levels of activated upper-limb antagonist muscles in real time. Conclusively, the joint torque command vector for the seven dc motors is calculated as follows:
where τ motor is the joint torque command vector and κ is the power-assist rate. The impedance parameters B and K are adjusted as follows:
where K 0 and B 0 are initial spring and viscous coefficient diagonal matrices for the initial position when EMG levels of muscles used to estimate impedance are in the defined level. l K and l B are the diagonal matrices effected from the upper-limb posture. The results of other researches [28] - [32] have been applied to define the matrices. m K and m B are the coefficients affected by the EMG levels of agonist and antagonist muscles. The effect from EMG signals can be written as
where λ K and λ B are the coefficients of the EMG effects, rate ch6 and rate ch8 are ratios between RMS values of channels 6 (bicep-long head) and 8 (tricep-lateral head), and initial RMS values. Thus, the amount of impedance parameters B and K is increased when the activity level of both agonist and antagonist muscles is simultaneously increased [32] . 
IV. EXPERIMENT RESULTS
In order to evaluate the effectiveness of the proposed control method, experiments have been carried out. In the experiments, three healthy young male subjects (A: 23 years old; B: 27 years old; and C: 28 years old) performed the same upper-limb motions with the assist of the exoskeleton robot.
For the first and second experiments, the effect of the adjustment of impedance parameters was evaluated. In the first experiment, the subjects were instructed to grasp a spoon and move the spoon between trays 1 and 2, as shown in Fig. 7(a) . The experiments were performed with three kinds of constant impedance parameters (lowest, middle, and highest), as shown in Table III , and with adjusting impedance parameters. In these experiments, κ is set to be 1.5. Therefore, the muscle activity levels (i.e., the amount of RMS values) are supposed to be reduced for the same motion if the impedance parameters are properly defined. The experiment results of subject A are shown in Fig. 8 . Fig. 8(a)-(d) show the elbow angle, the wrist palm flexion/extension angle, and the RMS values of channels 6 (bicep-long head) and 13 (flexor carpi radialis) in each impedance parameters. In addition, examples of the change of weight values in (2) are shown in Fig. 9 . These weight values are the results in the case of Fig. 8 . One can see that the weight values were changed in real time depending on the posture of the subject's upper limb. In the experiment with the adjusting impedance parameters [see Fig. 8(d) ], the parameters are adjusted based on the proposed method, as shown in Fig. 8(e) and (f) . Here, the impedance parameters are adjusted relatively close to the lowest constant parameters in the experiment shown in Fig. 8(d) . It can be observed that the experimental results with the adjusting impedance parameters show the best results among them. The average amounts of the RMS values in Fig. 8(a)-(c) are 107%, 114%, and 123% with respect to that in Fig. 8(d) , respectively. Similar results were obtained with another subject.
In the second experiment, the subjects lifted a dumbbell (5 kg), as shown in Fig. 7(b) . The experiments were also performed with three kinds of constant impedance parameters (lowest, middle, and highest) and with adjusting impedance parameters. In these experiments, κ is set to be 1.5. The muscle activity levels are supposed to be reduced for the same motion if the impedance parameters are properly adjusted. Since the subjects have a heavy object, the impedance parameters are supposed to be increased because of the effect of the antagonist muscles. The experimental results of subject A are shown in Fig. 10 . Fig. 10(a)-(d) show the elbow angle and the RMS value of channel 6 (bicep-long head) in each impedance parameter. In the experiment with the adjusting impedance parameters [see Fig. 10(d) ], the parameters are adjusted based on the proposed method, as shown in Fig. 10(e) and (f) . Here, the impedance parameters are adjusted between the middle and highest constant parameters. It can be observed that the experimental results with the adjusting impedance parameters show the good results among them. The average amount of the RMS values in Fig. 10(a)-(c) are 126%, 117%, and 129% with respect to that in Fig. 10(d) , respectively. The similar results were obtained with another subject. Thus, the first and second experimental results show that the power assist with adjusting impedance parameters can reduce the amount of the RMS values for the same motion compared with that with constant impedance parameters.
For the third experiment, the effect of power-assist rate was verified. In this experiment, the subjects were instructed to grasp a cup and move the cup to the mouth, as shown in Fig. 7(c) . The experiments were performed with four kinds of power-assist rates (κ = 0.5, 1.0, 1.5, and 2.0). If the power assist is properly performed, the amount of RMS values is supposed to be reduced for the same motion. The experimental results of subject A are shown in Fig. 11 . In Fig. 11(a)-(d) , the experimental results with the power-assist rate of 0.5, 1.0, 1.5, and 2.0 are depicted, respectively. In the case of κ = 1.0, the robot just follows the user's motion and does not perform the power assist. In the cases of κ = 1.5 and 2.0, the robot performs power assist. On the other hand, in the case of κ = 0.5, the robot moves slower than the user. That means the robot rather disturb the user's motion. In the experimental results with κ = 1.5 [see Fig. 11(c) ], the amount of the RMS values are smaller than that with κ = 1.0 [see Fig. 11(b) ]. This means that proper power assist is carried out by the robot. In the case of κ = 2.0 [see Fig. 11(d) ], the amount of RMS values are almost the same as that with κ = 1.0 [see Fig. 11(b) ]. That means that the power assist with the overlarge power-assist rate might make the negative effect. Comparing Fig. 11(a) and (b) , the amount of the RMS values in Fig. 11(a) is larger than that in Fig. 11(b) . That means that the power assist with the too-small powerassist rate disturbs the user's motion. The average amount of the RMS values in Fig. 11(a) , (c), and (d) are 143%, 67%, and 89% with respect to that in Fig. 11(b) , respectively. These results show that proper power assist can be realized with the proper amount of power-assist rate. In the case of κ = 1.0, the robot provides the user with the load for the training. On the other hand, in the case of κ = 1.0, the robot provides the power assist for the user. Fig. 12 shows the experimental results of another subject (subject B). These results show that the proposed control method can be applicable to any users. 
V. CONCLUSION
In this paper, an effective and adaptable EMG-based impedance control method has been proposed for an upperlimb power-assist exoskeleton robot. The user's joint torque required for the intended motion has been estimated based on EMG signals in the proposed method. A neurofuzzy musclemodel matrix modifier has been applied to make the controller adaptable to every upper-limb posture of any users. In order to generate natural and comfortable motion for the user, the user's hand force vector has been calculated based on the estimated joint torque, and then the estimated user's hand motion has been realized with the impedance control. Since impedance parameters of the human upper limb are changed based on the upper-limb posture and the relationship between agonist and antagonist muscles, impedance parameters of the exoskeleton robot have been also changed based on them in the proposed method. Experimental results have shown the effectiveness of the proposed control method.
